Air quality has emerged as a key determinant of important health outcomes in children and adults. This study aims to identify factors that influence local, within-community air quality, and to build a model for traffic-related air pollution (TRP).We utilized concentrations of NO 2 , NO, and total oxides of nitrogen (NO x ), which were measured at 942 locations in 12 southern California communities. For each location, population density, elevation, land-use, and several indicators of traffic were calculated. A spatial random effects model was used to study the relationship of these predictors to each TRP.Variation in TRP was strongly correlated with traffic on nearby freeways and other major roads, and also with population density and elevation. After accounting for traffic, categories of land-use were not associated with the pollutants. Traffic had a larger relative impact in small urban (low regional pollution) communities than in large urban (high regional pollution) communities. For example, our best fitting model explained 70% of the variation in NO x in large urban areas and 76% in small urban areas. Compared with living at least 1,500 m from a freeway, living within 250 m of a freeway was associated with up to a 41% increase in TRP in a large urban area, and up to a 75% increase in small urban areas.Thus, traffic strongly affects local air quality in large and small urban areas, which has implications for exposure assessment and estimation of health risks.
Introduction
Air quality in the urban environment has emerged as an important determinant of human health. Increased levels of air pollution have been linked to health effects in childhood, including reduced lung development (Gauderman et al., 2004 (Gauderman et al., , 2007 and increased risk of asthma (McConnell et al., 2002 (McConnell et al., , 2006 and respiratory symptoms (Dockery et al., 1996; McConnell et al., 1999 McConnell et al., , 2003 . Air pollution has also been associated with adverse adult health effects, including cardiovascular (Peters, 2009) and respiratory disease (Gotschi et al., 2008) , and mortality (Dockery et al., 1993) . Many of these findings have been based on ecological studies that compared the health of residents in highpollution communities to that of residents in low-pollution communities. A number of studies have demonstrated that intra-community indicators of local air quality, often determined by proximity to major roadways, are associated with adverse health outcomes (Edwards et al., 1994; Brunekreef et al., 1997; Hirsch et al., 1999; Venn et al., 2000 Venn et al., , 2001 Brauer et al., 2002; Delfino, 2002; Nicolai et al., 2003; Kim et al., 2004; Zmirou et al., 2004; Gauderman et al., 2005 Gauderman et al., , 2007 McConnell et al., 2006) . To better understand these associations, it is important to describe how air quality varies by roadway proximity and other factors in order to develop models for predicting traffic-related air pollutant levels for use in health-related research.
There is a significant amount of small-scale variability in air pollution concentrations around roadways. For example, Zhu et al. (2002) showed that carbon monoxide, particle number, and black carbon were substantially higher near a busy interstate freeway in southern California, with levels dropping sharply within a few hundred meters from the roadway during daytime hours. Levels of NO 2 have also been shown to be highest near a busy road and declining gradually with increasing distance (Gilbert et al., 2003; Beckerman et al., 2008; Dijkema et al., 2010; Skene et al., 2010) . Most studies of intra-community air quality have been based on extensive monitoring in a single city (Hoek et al., 2008) or on a few monitors in each of many cities (Hart et al., 2009) .
In this study, we measured concentrations of trafficrelated pollutants (TRP), including nitrogen dioxide (NO 2 ), nitric oxide (NO), and total oxides of nitrogen (NO x ), at multiple locations within 12 southern California communities participating in the Children's Health Study (CHS; Peters et al., 1999; McConnell et al., 2006) . We developed a set of models that utilize widely available data to predict outdoor concentrations of these pollutants with the intent of assigning ambient exposure values to subjects when studying health effects related to TRP. Models were initially constructed using geographic information, including proximity to freeway and non-freeway traffic corridors, traffic volume, local elevation, population density, and land-use. In addition, we evaluated the improvement in model performance obtained by including dispersionmodeled estimates of near-road TRP that accounts for traffic volume and meteorology. As the 12 study communities vary in their regional air quality, we assessed how the effects of traffic and other variables of local air quality differed based on the general air quality of the region. Finally, we report on the potential of these models to predict air quality in communities where measurements have not been made.
Materials and methods

Study Subjects
The CHS was initiated in 1993 to investigate the long-term relationship between ambient air pollution and children's respiratory health. The CHS is currently conducting active follow-up of its fifth cohort that was enrolled in 2002-2003 with a sample of 5603 children from kindergarten and 1st grade. These children were recruited from 13 southern California communities that varied substantially in their air quality. Details of CHS community and subject selection have been previously reported (Peters et al., 1999; McConnell et al., 2006) .
Air Monitoring
In 2005-2006, we conducted an extensive air monitoring study involving active study subjects. We focused on 12 of our 13 communities (Figure 1) , eliminating a mountainresort community (Lake Arrowhead) as it had relatively little local traffic. We used passive diffusion-based Ogawa samplers (Koutrakis et al., 1994) to measure levels of NO 2 and NO x outside homes, schools, and central monitoring site locations in the 12 study communities (Supplementary Figure A online ). Home sampling site locations were selected from the residences of Cohort E subjects who were participants in one of two asthma-nested case-control studies being conducted within the CHS cohort. Informed consent was obtained from a parent or guardian before sampling at a child's home.
A total of 942 locations were monitored across the 12 communities, with each location monitored for a 2-week period in summer and a 2-week period in winter (Supplementary Figure B online). Within a given season, all locations within a study community were monitored over the same 2-week period to avoid temporal differences in air quality. Within each site, sampling was conducted at the same outdoor location in the summer and winter periods. A systematic quality assurance sampling program was included, including at least 10% co-located (duplicate) sampling, laboratory blanks, and trip blanks. For NO x and NO 2 in both seasons, and for NO in winter, sample-duplicate Pearson correlation coefficients (r) were X0.99 and duplicate coefficients of variation (CV) were below 8%. For summertime NO, agreement between duplicates was lower (r ¼ 0.97, CV ¼ 21%), but still acceptable. All sampling filters were purchased from a commercial source (Ogawa, Pompano Beach, FL, USA), loaded and unloaded under filtered air conditions at a USC facility, and analyzed by a commercial laboratory (RTI International, Research Triangle Park, NC, USA). Outdoor concentrations of NO were determined by subtracting measured NO 2 from NO x obtained by the same sampler.
Modeling
Geo-positional satellite (GPS) measurements were taken at the sampling location each time a passive sampler was deployed. GPS discrepancies greater than 40 m between successive measurements recorded at the same location were rectified using additional tools including Google Earth and maps. Circular buffers of radius 300 m were formed around each sampling location using ArcGIS 9.3 (Environmental Systems Research Institute (ESRI; Redlands, CA, USA)) and, as described below, a wide range of predictors including traffic volume, dispersion-modeled near-road TRP, population density, elevation, and land-use were calculated within these buffers. We used a common buffer size for all of our predictor variables for comparability, and based on previous studies, 300 m was chosen for its appropriate spatial extent when examining traffic-related pollution (Zhu et al., 2002; Zhou and Levy, 2007; Kan et al., 2008) Distance to Roads The distance from sampling locations to the nearest interstate freeway or highway (FRC1), major arterial (FRC3), and minor arterial roads (FRC4) was computed using the Tele Atlas MultiNet road network data (Tele Atlas, Menlo Park, CA, USA) and ArcGIS 9.3. We used the distance to nearest freeway (FRC1) and the distance to the nearest non-freeway major road (the minimum of FRC3 and FRC4) in the statistical models.
Traffic Volume Annual average daily traffic (AADT) volumes by roadway link were obtained from the California Department of Transportation (CALTRANS) for the year 2000. These data were transferred from the original network to the more spatially resolved TeleAtlas MultiNet network (Wu et al., 2005) and AADT volumes were projected to represent 2005 vehicle-miles-travelled (CALTRANS, 2008) . Traffic density maps were created by allowing volumes to decrease by 90% from the edge to 300 m (perpendicular) from the roadways (Kan et al., 2008) . Using these maps, traffic density was assigned to the 300 m buffer around each sampling location.
CALINE4-modeled TRP
Line source dispersion model estimates of annual average TRP concentrations were generated using the CALINE4 model (Benson, 1989 (CARB, 2007) . Diurnal traffic volume variations and day-ofweek variations for light-duty and heavy-duty vehicles on freeways were obtained by averaging CALTRANS weigh-inmotion data for southern California. Diurnal variations for arterials and collectors were determined from more limited traffic measurements (Chinkin et al., 2002) . The contribution of vehicle traffic on interstate freeways and highways (CALINE4 freeway TRP), and arterials and collectors (CALINE4 non-freeway TRP) were computed separately. We scaled CALINE4 output to NO x , which can be viewed as an indicator for the complex TRP mixture near roads.
Population Density Population density data at the block group level were obtained from US Census Bureau (2000 data projected to year 2005) via ESRI's data repository We calculated the ratio of the area of the block group within the buffer to the total area of the block group within each 300 m buffer. We then multiplied this ratio by the assigned population for that block group, and accumulated these over all buffer sections to obtain the total population density.
Elevation Elevation data were obtained from the US Geological Survey (USGS) website (http://seamless.usgs.gov) using National Elevation Data with B30 m resolution. We computed the mean (E n ) and standard deviation (s n ) of the 30m-grid elevation values within each 300 m buffer, and the overall mean elevation (E c ) of each study community. We considered three elevation variables in our air quality models, including (1) the neighborhood (within buffer) elevation relative to the community (E n -E c ), (2) the elevation variability of each neighborhood (s n ), and (3) the elevation of each sampling location (E i ) relative to the neighborhood (i.e., E i -E n ).
Land-Use Categories Eight of the twelve study communities were located in the Los Angeles (LA) basin where land use was well characterized by the Southern California Association of Governments (SCAG). SCAG provides a total of 133 possible land-use categories, which we aggregated into eight categories: commercial, industrial, utilities, transportation, residential, agricultural, water bodies, and open space. For each sampling location covered by SCAG, we computed the percentage of area within the 300-m buffer attributed to each of these eight landuse categories.
Statistical Methods
The outcome data consisted of two 2-week integrated concentrations of NO 2 , NO, and NO x for a total of 942 locations across the 12 study communities. We computed the average of summer and winter concentrations recorded at each location. The CHS communities were originally chosen for having a wide range in air quality. In this work, however, we focused on factors that affect local air quality within each of the communities, and how the factors that affect local variation depend on general air quality of the region. Let Y ci denote the natural log of the measured concentration of a given pollutant (NO 2 , NO, or NO x ) at location i (e.g., a home) in community c (c ¼ 1,y,12), and let Y c denote the mean of Y ci for all measured locations in community c. Natural log transformations were applied to each measured pollutant to satisfy linear-regression modeling assumptions of normality and homoscedasticity. The outcome variable used in all regression models was of the form D ci ¼ Y ci -Y c , that is, the difference between the log concentration at location i and the corresponding community mean. Let D denote the vector of differences for all sampling locations; note that the use of these deviations as the outcome focused our models on factors affecting local variation in air quality.
Correlation coefficients and linear regression models were used to explore relationships of D with each predictor variable. Stepwise linear regression with a significance threshold of 0.15 was used to determine the best predictors chosen from the set of traffic variables (distances, volumes, CALINE4-modeled TRP), squared versions of each traffic variable, elevation, population density, and land-use categories. This 'fixed-effects' model can be denoted D ¼ bX(s) þ e, where X(s) is the set of predictors at geographic locations s and e are residuals assumed to be independent and normally distributed.
We then addressed potential within-community residual spatial correlation that may not have been completely accounted for by the predictor variables by introducing a spatial covariance function. This resulted in a mixed model of the form D ¼ bX(s) þ Z(s) þ e, where Z(s) is spatial random effects assumed to be normally distributed with variancecovariance matrix s 2 G(y). Spatial dependence was parameterized by G(y), a function of distance z ij between locations s i and s j . Exploratory analyses of several covariance functions including exponential, Gaussian, spherical, and Matern, indicated that the exponential covariance structure was efficiently computed and provided a good fit to our data (Waller and Gotway, 2004) . The spatial random effects model was estimated by maximum likelihood and we compared the fit of this model to the fixed-effects model using a likelihood ratio test (LRT). We also used correlograms to graphically examine the spatial correlation in the residuals before and after accounting for spatial random effects. The correlogram plots the correlation between model residuals at locations s i and s j against the distances z ij .
Effect estimates were scaled to the percent change in local air pollutant concentration per increase of one interquartile range (IQR) of the corresponding predictor. This approach to scaling effect estimates facilitates direct comparison of the relative impact of each predictor on each pollutant. In some analyses, study communities were categorized as 'within the LA basin' or 'outside the LA basin' to capture regional-scale differences in air quality. Appropriate interaction terms were considered to test whether the effect of traffic and other factors on local pollutant variation was modified by regional air quality. To evaluate the fit of our models, we performed standard 10-fold cross-validation using stratified random sampling to ensure that a representative number of observations from each community were included in each crossvalidation sample. We also performed leave-one-community out cross-validation to evaluate how well our models might perform at estimating local variation in unmeasured communities.
We used our final models to compute predicted concentrations of NO 2 , NO, and NO x at each sampling location. Our model provides estimates of relative pollutant levels within a community. To transform these relative levels into absolute concentrations, we applied our predictions to a typical urban community in the LA basin and to a typical small urban community outside the LA basin. 'Typical' for each was defined as having regional levels of NO 2 , NO, and NO x equal to the mean levels in our 'in-basin' and 'out-of-basin' study communities. We then computed the mean of the predictions by categories of distance to freeway (o250 m, 250-500 m, 500-1,500 m, and 41,500 m) and distance to non-freeway major roads (o75 m, 75-150 m, 150-300 m, and 4300 m). These mean predictions provide estimates of the overall impact of road proximity on pollutant levels, accounting for population density, elevation, and other model predictors, in both large and small urban communities.
Results
In all communities, there was substantial variation in concentrations of NO 2 , NO, and NO x across sampling locations (Figure 2 ). The community-average concentrations of NO 2 and NO (Table 1) ranged from a low of 5.0 to 4.5 p.p.b., respectively (Santa Maria), to a high of 30.4 (NO 2 , San Dimas) and 49.3 p.p.b. (NO, Anaheim). Average concentrations of total NO x ranged from 9.6 to 79.1 p.p.b. In general, the eight study communities within the LA basin had significantly higher levels of NO 2 , NO, and NO x compared with the four study communities outside the basin. However, the four communities outside the basin generally had larger CV for all three pollutants, suggesting a greater degree of relative spatial variation in these lower-pollution areas compared with the more polluted basin communities.
Pollutant concentrations were univariately correlated with several traffic and land-use indicators (Table 2) . For example, the strongest Pearson correlations (r) with measured NO x were observed with CALINE4-modeled TRP from freeways (r ¼ 0.68, Po0.0001) and non-freeways (r ¼ 0.62, Po0.0001). Measured NO x was also correlated with distance to freeways (r ¼ À0.40, Po0.0001), traffic volume within a 300-m buffer of the sampling location (r ¼ 0.47, Po0.0001), and average neighborhood elevation relative to the rest of the community (r ¼ À0.45, Po0.0001). Similar trends were observed for NO and NO 2 . Pollutant concentrations were weakly correlated with SCAG land-use categories, in patterns that one might expect.
Focusing on the nine communities with complete land-use data, traffic-related variables, and elevation were important predictors of local pollutant levels (Table 3) . For instance, the 10-fold cross-validation R-squared (R 2 ) values for NO x were 24% based on a model that included distances to nearby major roads (freeways and non-freeways, Model 1), 23% in a model that included traffic volumes on nearby roads (Model 2), and 34% that included our three elevation variables (Model 3). When modeled alone, population density and land-use did not explain much variability in NO x (R 2 ¼ 5%, Models 4, 5). Models including distances to roads, elevation, and population density resulted in R 2 ¼ 53% (Model 6) and adding land-use categories to this model did not explain any additional variability (R 2 ¼ 53%, Model 7). On the other hand, Model 6 was substantially improved with the addition of traffic volume on nearby roads (R 2 ¼ 63%, Model 8). To determine the usefulness of including dispersion model estimates in the model, we note that when included alone, freeway and non-freeway CA-LINE4 TRP had a very strong relationship with the pollutants (R 2 ¼ 67%, Model 9). The model including covariates for CALINE4 TRP, distances to roads, traffic volume, elevation, and population provided the best general fit for all three pollutants (R 2 ¼ 68% for NO 2 , 61% for NO, and 71% for NO x , Model 11). This model was not improved (and for NO 2 was worse) with the addition of land-use variables (Model 12).
The model with simple GIS variables (Model 8) is highly comparable to one that incorporates the more complicated dispersion model variables (Model 9). Based on data from all 12 study communities we found similar results, with the CALINE4 only model having R 2 ¼ 0.66 and the model with only GIS variables having R 2 ¼ 0.60. However, our best fitting model had 10-fold cross-validation R 2 values of 71%, 64%, and 71% for NO 2 , NO, and NO x , respectively, when all 12 communities were included. The corresponding leaveone-community out R 2 values were 60%, 61%, and 71%, suggesting that these models would also do a good job of predicting local variation in a new, unmeasured community. With this model, we found that an increase of one IQR in CALINE4-modeled TRP from freeways was related to an 8.8% increase in local NO 2 concentrations, a 19.6% increase in NO, and a 13.4% increase in local NO x (Table 4) . Slightly smaller effects were observed for CALINE4 TRP from a non-freeway major road, and elevation also had an important (negative) impact on near-road pollution. In the absence of available dispersion modeling, the model containing only GIS variables proved to be very good at predicting nitrogen oxides. Distance to nearest freeway was the most important predictor as it resulted in an 8.2%, 12.7% and 12.4% decrease in NO 2 , NO, and NO x , respectively (Table 5) . Elevation again had an important negative impact on these concentrations, and traffic density had an important positive impact resulting in a 3.7%, 10.8% and 6.3% increase in NO 2 , NO, and NO x , respectively.
For all pollutants, the spatial random effects model provided a significantly better fit (Po0.0001) than the regression model with fixed-effects only. However, parameter estimates and cross-validation R 2 values from the fixed-effects-only Table A online) were generally similar to those from the spatial model.
model (Supplementary
The correlogram for NO x shows positive correlation between pairs of the observations (D ci ) that are within 2.2 km of each other (Figure 3, solid line) . The covariates in the fixed-effects model account for some of the small-scale variability in NO x (dotted line). By adding spatial random effects, the correlation among residuals is reduced even further for distances less than B1.1 km (dashed line), but follow a pattern similar to the fixed-effects model residuals for greater distances. The correlograms for NO 2 and NO show similar patterns (data not shown).
We observed significantly better predictions of local pollution variation in our subset of lower-pollution (outside the LA basin, R 2 ¼ 77%) communities than in our higherpollution (in-basin, R 2 ¼ 72%) communities (Table 6 ). An increase of one IQR of CALINE4 TRP from freeways was associated with an 20.9% increase in NO x in communities outside the LA basin, compared with an 14.1% increase for those within the LA basin. This difference in the relative impact of freeways was even larger for NO and NO 2 . Similar findings were observed from a fixed-effects-only model (Supplementary Table B Table 6 , the spatial random effects provided a greater improvement over a fixed-effects-only model for the in-basin communities than the out-of-basin communities, based on magnitude of the LRT statistics. This suggests that there are more un-modeled factors that impact local air quality in the LA basin, which is consistent with the general complexity and multitude of polluting sources in an urban area.
online). As shown in
We used this model to predict the cumulative effect of living near a busy road on local levels of NO 2 (Figure 4 Table 2 under the respective heading. Squares of the distance and volume variables were also considered. Stepwise selection was used to obtain the best subset of predictors for each model. The absolute increase in out-of-basin communities is smaller, but given the lower average pollution levels in these more rural areas, the relative impact of freeways on exposure concentrations is larger than in the LA basin. These gradients in NO levels were of similar magnitude comparing distances 4300 m to o75 m from non-freeway major roads. Similar declines in predicted levels of NO 2 and NO x were observed with increasing distance to roads.
Discussion
This study is unique in the emerging traffic-related exposure modeling literature because of the large number of measurements recorded from multiple communities. These provided an opportunity to examine how models performed in large and small urban locations and to evaluate the transferability of exposure models to locations where measurements were not made. We demonstrated that intra-community air quality can vary substantially and that in both large and small urban 4.7*** 16.8*** 10.4*** Distance to nearest freeway À2.0* À2.9* À4.0*** Squared distance to nearest freeway 0.4 1.1* 1.0* Distance to nearest non-freeway major road À1.9*** À2.4*** À2.4*** Non-freeway traffic volume within a 300 m buffer 1.1** À0.5 0.0 Population within a 300 m buffer 1.5*** 2.7** 2.3*** Neighborhood elevation relative to the community À3.5*** À6.8*** À4.9*** LRT fixed versus spatial model 437.8*** 485.3*** 596.8*** 10-fold cross-validation R 2 71% 63% 71%
The IQRs are 1.9 U (scaled to p.p.b. of NO x ) of freeway TRP, 1.6 U non-freeway TRP, 1.2 km distance to the nearest freeway, 0.88 km of freeway distance squared, 0.36 km distance to the nearest non-freeway major road, 0.31 U of volume in a 300 m buffer, 371 people per km 2 , and 41 m in a neighborhood elevation relative to the mean community elevation. *Po0.05; **Po0.005; ***Po0.0005. Distance to nearest freeway À8.2*** À12.7*** À12.4*** Squared distance to nearest freeway 0.9** 1.9* 1.4** Distance to nearest non-freeway major road À2.5*** À5.3*** À3.3*** Non-freeway traffic volume within a 300 m buffer 2.4*** 3.0** 0.7 Traffic density decay in 300 m buffer 3.7*** 10.8*** 6.3*** Squared traffic density decay in 300 m buffer 1.1*** 4.5*** 2.6*** Population within a 300 m buffer 1.2*** 1.8* 2.2*** Neighborhood elevation relative to the community À6.7*** À13.5*** À6.8*** LRT fixed versus spatial model 461.9*** 479.4*** 642.9*** 10-fold cross-validation R 2 51% 56% 60%
The IQRs are 1.2 km distance to the nearest freeway, 0.88 km of freeway distance squared, 0.36 km distance to the nearest non-freeway major road 0.31 U of non-freeway traffic volume in a 300 m buffer, 1.97 U of volume decay in a 300 m buffer, 2.97 U of volume decay squared, 371 people per km 2 , and 41 m in a neighborhood elevation relative to the mean community elevation. *Po0.05; **Po0.005; ***Po0.0005.
areas, traffic on busy roadways is the major determinant of this variation. We also observed significant contributions of population density and elevation on local air quality, but no impact of land-use categories. Inclusion of dispersionmodeled near-road pollution improved the model and was an influential determinant of concentrations of nitrogen oxides at our monitoring locations. Nevertheless, a model with widely available variables (roadway locations, traffic density, elevation, population density) can be used to build a good prediction of local air quality in the absence of dispersion model estimates. Furthermore, detailed land-use data, which are more difficult to obtain and are not uniformly collected across geographical regions, may not be necessary.
Our results suggest that the associations between local, near-road air quality, and traffic depend on the regional air quality. Specifically, we found that major roads and vehicular traffic have a larger relative impact in communities with lower average pollution than in more highly polluted communities. This indicates that in a low-pollution area, a major road represents the single largest source of pollution, and thus proximity to that road is the primary determinant of local variation in air quality. In a high-pollution area, on the other hand, there are likely to be many contributors to air quality other than major roads, including both point sources and transport from upwind sources. Spatial analysis of residuals from our models supports this conjecture, showing greater degree of spatial correlation in the residuals in our large urban compared with small urban communities. Although the relative contribution of major roads is less in a highpollution community, the absolute increase in pollution with closer proximity to a busy road is slightly greater than in a lower-pollution community (Figures 3-5) . This is likely due to the fact that traffic volumes on busy roads are typically greater in a large urban than a small urban area.
Dispersion-modeled TRP based on CALINE4 was the best single predictor of measured pollutant levels. However, we found that simple distance to a freeway was still an important predictor of local pollutant levels in an urban area, even after adjusting for modeled TRP from a freeway. This may suggest that the CALINE4 dispersion model for estimating TRP does not completely capture the impact of a busy road on local pollutant levels. Alternatively, compared with a less-polluted area, an urban community may be more likely to have significant determinants of local air quality that are near busy roads such as shopping centers or other point sources. Thus, our observed associations with distance to roads in an urban area may simply be a surrogate for other sources that are not being captured by the In-basin includes 658 sampling locations in eight communities within the Los Angeles basin. Out of basin includes 284 sampling locations in four communities outside the LA basin (see Table 1 for the specific communities). See Table 4 for the IQRs of the predicted variables. *Po0.1; **Po0.05; ***Po0.005; ****Po0.0005.
CALINE4 dispersion model. Studies that have compared predicted pollution concentrations obtained by land-use regression to those obtained through dispersion modeling, generally have not shown dispersion models to perform better, but differences in models and in data used to develop the regressions make cross-study comparisons difficult (Briggs et al., 2000; Cyrys et al., 2005; Hoek et al., 2008; Marshall et al., 2008) . The predictions generated from our model demonstrated that residential distance to freeways and other major roads has a substantial impact on individual exposures to ambient NO, NO 2 , and NO x . This has implications for urban landuse policies, as proximity to sources of significant trafficrelated pollution (e.g., freeways and other busy roadways) has repeatedly been shown to be associated with elevated exposure (Roorda-Knape et al., 1998; Zhu et al., 2002 Zhu et al., , 2006 Zhou and Levy, 2007) and negative health outcomes (Edwards et al., 1994; Brunekreef et al., 1997; Hirsch et al., 1999; Venn et al., 2000 Venn et al., , 2001 Brauer et al., 2002; Delfino, 2002; Nicolai et al., 2003; Kim et al., 2004; Zmirou et al., 2004; Gauderman et al., 2005 Gauderman et al., , 2007 McConnell et al., 2006) . Future placement of facilities and areas where people congregate (such as parks, schools, day care centers, and low-cost housing) should factor these findings into consideration.
Our models also have implications for studies of the health effects of traffic exposures. Traffic proximity measures have proven to be useful exposure indicators associated with a variety of health outcomes. However, health associations with traffic proximity have not been consistent across studies (Health Effects Institute, Special Report (2010) ), and misclassification of exposure to the TRP mixture by simple proximity measures is one possible reason. Our models demonstrate that significantly better predictions of TRP exposure can be obtained by considering multiple factors simultaneously. These factors should not only include multiple indicators of traffic proximity and meteorology, but also non-traffic factors such as local elevation that can affect pollution dispersion. The use of improved estimates of traffic-related pollution exposure should result in increased power to detect health effects and more precise estimates of effect due to reduced measurement error.
The 10-fold cross-validation R 2 values of 0.63 (NO), 0.71 (NO 2 ) and 0.71 (NO x ) compares well with other land-use regression studies also based largely on traffic metrics, including a large study of NO 2 exposure at over 1,000 locations covering much of Connecticut (R 2 ¼ 0.67; Skene et al., 2010 ) and a range of validation R 2 values from 0.49 to 0.78 across studies reported in a recent review (Hoek et al., 2008) . Our leave-one-community out cross-validation based on 12 communities resulted in quite similar R 2 values (0.60 to 0.71), suggesting that the model may be transferable to other communities. This is considerably more promising than results from a limited number of other studies examining transferability of models in North America and Europe, which generally found that R 2 of models were considerably worse when transferred to other communities (Poplawski et al., 2008; Vienneau et al., 2010; Allen et al., 2011) . However, the spatial scale of these studies was generally larger and the number of communities considerably smaller. The conditions under which models can be transferred between communities are an important issue, particularly since regional air pollution varies widely across the US. We noted differences in our estimates depending on whether communities were in or out of the LA basin. This gives evidence that regional differences in pollution mixtures influence near-roadway concentrations of nitrogen oxides, and thus accounting for these differences is an important consideration for transferring models such as those presented here to other areas.
Our findings and those of other investigators who have demonstrated intra-community variation in air quality may be important for the setting of national ambient air quality standards (NAAQS) by the US Environmental Protection Agency (USEPA, 2010) . A key component of the standard setting process for any of the criteria pollutants is the estimation of population risk for a variety of health effects (pre-mature death, lung function deficits, adverse symptoms, and so on). These risk calculations are typically computed using air quality information from fixed central site monitors in communities across the country, with particular attention given to those areas having pollutant levels that exceed some threshold. However, fixed-site central monitors are typically placed away from busy roads and other point sources in an attempt to capture general regional air quality. In southern California and elsewhere across the United States, many homes and schools are close to freeways or other major roadways and as a result are likely exposed to higher levels of NO 2 (and other traffic-related pollutants) than what is recorded at the closest central monitoring site. In the process of setting future national standards, consideration of intracommunity variation air quality should improve estimates of actual population exposures, and in turn yield more accurate estimates of population risks. In fact, the 2010 NO 2 NAAQS seeks to directly address this issue by establishing a monitoring network for NO 2 compliance near roadways.
We used diffusion-based passive samplers as a cost-efficient approach to obtain air quality information at over 900 sites spanning our 12 study communities. There may be other traffic-related pollutants (e.g., ultrafine PM, elemental carbon, benzene, and so on) that also vary locally and are more important determinants of health outcomes. The CHS is currently conducting an extensive air monitoring study aimed at measuring local levels of PM, including both mass and chemical constituents. That data, in conjunction with the NO x data from this study, will provide a more complete picture of how air quality varies locally and regionally, allowing for further investigation of how different mixtures may influence traffic-related pollution. Furthermore, with a wider range of pollutant measurements, a more thorough examination of which specific pollutants most affect children's health can be conducted.
We also note that while the primary focus of this study was to investigate factors that relate to variability in air quality at a local scale, the implication of utilizing deviations (i.e., subtracting community-wide means from the measurements) is that baseline differences between the 12 communities studied cannot be directly explained. Models that harness averaged information would allow for such analyses, should variability resulting from community differences in land use or traffic indicators be of research interest.
We have demonstrated that in southern California, there is substantial variation in local, intra-community air quality in both large and small urban environments and that proximity to busy roads is a major determinant of that variation. This finding has potential ramifications for urban land-use policy, calculation of pollution-related health risks, and the setting of national air quality standards. Strategies for reducing population exposure to traffic-related pollutants should continue to be a priority for local, state, and national agencies. 
